Identifying corresponding objects from geospatial databases at different levels of detail is crucial, especially in multi-scale road network matching, which is the prerequisite of data conflation, updating and quality assessment. 'Stroke' has a considerable effect on automatic road network generalization, and is essential in the road network matching process. In road network generalization, topological relationships may change, and some roads may be deleted. In this paper, we propose a combined stroke-based matching approach of road networks considering the constraints of cartographic generalization for road networks under different scales. In the entire stroke matching, we utilize the modified Hausdorff distance for geometric similarity. We consider the topological differences in the structural similarity calculation and propose a new weight calculation method. Partial stroke matching can further identify the corresponding roads with changes and updates in different scales. We also propose a method of roundabout detection and matching. The proposed approach could not only match road networks with a small scale difference, but also road networks with a large scale difference. And it can successfully identify the M:N, M:1, 1:1, 1/M:1/N, and 1/M:1 matching relationships. The effectiveness of the proposed approach is verified by experimental results.
I. INTRODUCTION
A large amount of multi-source geographical data has been made available by public and private organisations with the development of spatial data collection methods and processing techniques [1] . Conflation is the process of combining the information of two or more datasets and constructing a new dataset to explore the knowledge that could not be obtained from each of the primary datasets separately [1] , [2] . The conflation of various datasets can benefit maximum possible advantages among different spatial datasets, thereby increasing the demand for conflating multi-source spatial data and establishing multi-scale spatial databases. As the precondition of spatial data conflation, matching of spatial objects has attracted the attention of many scholars. Spatial object matching refers to identifying same-name entity in the real world on two different maps of the same area [2] , [3] . A vector The associate editor coordinating the review of this manuscript and approving it for publication was Hui Liu . road network is a crucial component of digital maps. Several matching methods of road networks have been proposed. Among these methods, rebuilding a long road represented by many segments is desirable for further abstracting a road network into different representations [4] . The concatenated line is called a stroke in geographical information science. Strokes can more effectively maintain the integrity of roads by considering individual roads as a whole than the traditional 'node-segment' method. Strokes in road networks are highly useful for road selection in map generalization, and they have been widely used in road network generalization [5] .
Operations of cartographic generalization for roads, such as selective omission, simplification and node combination, produce a further abstract road network, such that some geometric and topologic details of a small-scale dataset may be simplified from the large-scale dataset. In this study, we consider the constraints of cartographic generalization during the matching process. Stroke is selected as the basic unit to maintain the continuity of roads; M:1 and M:N matching relationships can be easily identified in this way. We select the deviation threshold during the road generalization as the buffer radius to obtain candidate matching roads. We fully consider the length and topological constraints in map generalization. And the pattern constraints are considered in the roundabout detection and matching process. Based on all the abovementioned constraints, a combined matching approach of road networks is proposed. During the matching process, we can establish as many correspondences between road networks at different levels of detail (LoDs) as possible.
This approach aims to present a robust and universal method for road network matching among multi-scale datasets. The remainder of this paper is organized as follows: Section 2 introduces previous road matching studies. Section 3 explains the combined matching approach proposed in this paper. Section 4 describes the road network matching experiments of the combined approach. Section 5 presents the conclusions of this research.
II. RELATED WORK
Rosen and Saalfeld [6] first investigated the matching problems to identify the corresponding objects between the datasets of the United States Geological Survey and Bureau of Census. Several scholars have proposed methods for solving the linear object matching problems. Two main viewpoints are used. One viewpoint is that matching is a threshold problem. The threshold and weight of each measure can be determined through expert evaluation [7] , the regression model [8] , supervised classification [9] , analytical hierarchy process [10] , [11] , and other methods. Zhang et al. [12] determined the weights by using the contrast intensity and conflicting characters of each measure.
The other viewpoint is that matching is an optimization problem. The representative algorithm of this view is the probabilistic relaxation method [13] - [15] . Yang et al. [16] proposed heuristic probabilistic relaxation. Two topological measures were added to the probability matrix to improve the probabilistic relaxation method [12] . By considering the local and global optimizations, their study could efficiently identify M:N matching relationships. Li and Goodchild [1] proposed an algorithm that simultaneously considers all the candidate matching pairs by maximizing the sum similarity of all matching pairs. Machine learning methods [17] - [19] were widely used in matching problems. Genetic algorithm and sensitivity analysis were combined to identify corresponding roads [20] . Schäfers [21] used a greedy approach and optimization method to maintain a minimal number of candidate objects during the process, which can help enhance algorithm efficiency. Gong et al. [22] searched for the global optimal road network matching scheme of same-name entity by utilising the group advantage of ant colony algorithms. Fu et al. [23] proposed the road network matching method using a multiple logistic regression algorithm. With the combination of the optimization and logical regression model, optimization and iterative logistic regression matching can identify the M:1 and M:N matching relationships; it can also detect incorrect and missed matches [3] . The Geometricbased Matching framework based on Optimization Approach achieves good performance in matching multi-scale, multisource data [24] .
Many measures have been used for the road network matching problems, and they can be classified into four categories: geometric, semantic, topological and contextual measures. Geometric measures are the most widely used ones, which include position [26] - [28] , Euclidean distance [21] , Hausdorff distance [17] , [23] , Fréchet distance [29] , orientation [16] , [28] , [30] , length [30] - [32] , shape [33] , the absolute value of cosine similarity [17] , buffer-overlapped area [33] , [34] , area [34] and complexity [33] . Semantic measures include the name [30] , [34] , [35] and type, which are rarely used in matching because they are usually missed in some datasets. Topological measures include node degree [12] , [33] , and direction angle [12] . Contextual measures represent the geographic context of objects, including the spatial relationships between objects in an area [27] , such as the rotary summation based on orientation and distance (ROD) [33] . ROD uses the displacement of objects relative to landmarks. DirectNeighbourhoodSimilarity evaluates the similarity through the support of already confirmed matches in the direct vicinity of the object [21] .
On the basis of the diversity of matching units, road network matching can be divided into node-, segment-, and stroke-based matching. Node-based matching includes the iterative closest point algorithm proposed by Volz [31] and the Java Conflation Suite (JCS) algorithm. Stigmar [36] improved the JCS algorithm by adding three specific extensions to the dataset. Roundabout detection and matching were added into the node-based matching process to improve accuracy [26] . The method proposed by Safra et al. [37] , which uses the local networks around each node as the matching units, was appropriate for ad hoc matching. Guo et al. [38] extracted characteristic points from lines through projection and segmentation and converted road network matching into a characteristic point matching problem. The segmentbased approach mainly contains the buffer-growing matching approach [5] , [32] , [39] . Mantel and Lipeck used the algorithm in a symmetric manner [40] . Zhang et al. [41] adjusted the buffer parameter to find an optimal solution. The 'unsymmetrical buffer growing' algorithm proposed by Zhang and Meng [42] has self-learning abilities. Hackeloeer et al. [43] combined multi-stage matching with buffer-growing to find corresponding objects iteratively. Stroke-based matching was first proposed by Zhang and Meng [34] . Then, Yang et al. [44] conducted road network matching based on hierarchical strokes. Guo et al. [45] proposed a matching method considering scale variation and data update based on stroke.
Matching methods have also converted road networks into urban blocks [46] , greatly enhancing the efficiency. The method proposed by Fei et al. [47] matches multi-scale road networks under the constraints of the small-scale road meshes. Zhang et al. [28] proposed the single-and dualcarriage way road matching method considering the road characteristics of dual-carriage ways. The linkage matching method [48] , [49] for habitation and road using an urban skeleton line network conforms to the human cognitive process, and it can obtain a good matching effect.
Roads have different grades and levels of semantic features. If roads are matched only at the same level, then the search range of the candidate matching set in the matching process can be reduced and the matching efficiency can be improved. Hu [50] divided road data into three levels, namely, line segments, road sections and paths. During road matching at different levels, buffer and topological relationships were utilized. Wang et al. [51] divided the roads into matching and non-matching layers on the basis of the topological relations. The roads in the matching layer were initially matched. Then, the non-matching roads were divided on the basis of the topological relationship, and the matching process was iteratively completed. Furthermore, Liu et al. [52] classified the road strokes, and Huang et al. [53] designed the hierarchical area partitioning method of urban road network matching. In their algorithm, high-grade roads were initially selected as matching objects, and stepwise iterations were consequently performed to obtain the matching results. Chen et al. [54] analysed three road network matching levels and proposed the selection of road networks based on mesh density and matching method considering road hierarchy.
Early studies on road network matching have focused on networks with the same or adjacent scales. However, matching between networks with a large scale difference has become a research focal point owing to the emergence of newly constructed roads in many countries and the demands associated with updating spatial data and constructing multiscale spatial databases. This development is also good to the rapid updating of road networks. When faced with the matching between datasets with a large scale difference, previous studies have two drawbacks, which are as follows:
Firstly, most algorithms cannot appropriately address the topological inconsistencies among multi-scale datasets, especially those with a large scale difference (e.g. the roundabout generalized into an intersection node on the small scale map). One way to solve this problem is to compare the topological similarity of nodes [4] , [35] , [55] . Mustière and Devogele [35] proposed the NetMatcher process, which identified the M:1 relationship between networks. In particular, a node of the less-detailed network can be matched to several arcs and nodes forming a complex junction in the more-detailed network. Another method initially detects the topological structures of roads on large-and small-scale maps and then performs preprocessing and matches each structure by using proper methods [56] .
Secondly, matching of road networks with different scales requires consideration of changes in road morphology, as well as the frequent 1:1, 1:0, M:1 and M:N matching relationships. During cartographic generalization or data updating, changes (growth, shortening, emergence, and disappearance) may occur in same-name entity between road networks with different scales. For example, a road on the small-scale map may be separated into two roads on a large-scale map, and part of the road may even disappear because of updating. In this case, the stroke formed by connections based on angle differences may lead to stroke mismatching. Thus, a combined matching approach of road networks is proposed in this paper, the partial stroke matching method is based on segment decomposition to handle the changed roads and rules of road network generalization are considered in the similarity calculation.
III. A COMBINED MATCHING APPROACH
The approach of multi-scale road network matching in this paper involves four steps as described follow: data preprocessing, entire stroke matching, partial stroke matching, roundabouts detection and matching.
A. DATA PREPROCESSING After obtaining two road network datasets at different LoDs, the datasets should be converted to the same format and coordinate system. Global geometrical deviation between two datasets of road networks should be adjusted through spatial adjustment, such as the spatial adjustment tool in Arc GIS 10.1. Nodes and road segments in the two road network datasets are conjoined for road network matching. As shown in Fig. 1 , L1, L2, L3, L4, and L5 are five road segments. N1, N2, N3, and N4 are four nodes in one road network. The connection information of N1 and N2 is written as N1:
Each segment is then recorded, e.g. L3: N1, N2.
Second, the 'good continuation' principle proposed by Gestalt was selected as the guide to establish a stroke [4] , [57] . In this paper, strokes are constructed with the following rules: (1) In a road stroke, a road segment should follow its subsequent road segment in almost the same direction, and the road ranks of these two road segments should be equal. (2) or the two road segments should share the same name. The abovementioned direction means the storage order of the nodes in a road segment. On the basis of the strokeconnection rules, the fragmental road segments of the two road network datasets are connected to road strokes. Three strokes are formed: S1<L1, L3, L4>, S2<L2>, S3<L5>. Indexes of strokes are also recorded, and the data storage mode of S1 is written as follows: 
where the first item contains the starting and ending nodes and the second item contains the road segment FID of S1 and its order. This item is denoted as +1 if a road segment and the stroke are in the same order (direction from the starting node to the ending node), and it is denoted as −1 if they are in the counter order. The third item contains the other nodes in the stroke except for the starting and ending nodes.
To enhance the computing efficiency, grid-based spatial indexes for road networks have been established and will be embedded into the matching approach. Construction of this grid-based spatial indexes allocates objects (viz. road segment, road stroke and node) to their position versus position in the grid, thereby creating an index of object identifiers versus grid cell identifiers.
B. ENTIRE STROKE MATCHING
For each stroke S i in the small-scale dataset, the candidate matching strokes in the other dataset can be obtained using a spatial index and the approximate buffer area of S i . Stroke S i is initially compressed by the Douglas-Peucker algorithm [2] of line simplification to enhance the efficiency, and then the approximate buffer is established for the compressed stroke. The buffer radius is determined by the deviation threshold during the road network generalization process. Strokes that fall inside the buffer area can be selected as candidate matching strokes of S i . For each stroke S j in the candidate matching strokes and stroke S i , the geometric and structural similarity are considered. If the geometric similarity of two strokes meets the threshold condition, then the structural similarity is further calculated to identify if the strokes match each other. Otherwise, they are unmatched strokes and are directly handled by the partial stroke matching algorithm.
1) GEOMETRIC SIMILARITY CALCULATION
Geometric measures have been used to represent the geometric characteristics of roads extensively in matching as described before. Geometric measures include the length, shape, angle, area, complexity, and distance. In our algorithm, we use length, angle, and modified Hausdorff distance (MHD).
The length of a stroke in the road networks is considerable to show its prominent spatial feature. Therefore, length is selected as a key geometric measure.
As shown in Fig. 2 , the angle between two candidate matching strokes is calculated using the included angle between straight lines formed by the starting and ending nodes of the strokes. Angle also plays a nonnegligible role in our geometric feature calculation. Distance, which can measure the 'degree of closeness' between objects or ideas [58] , is another indispensable measure in the matching process. Fréchet and Hausdorff are the most widely used distances in linear object matching. Fréchet distance considers the locations and sequences of the constituent points of polylines, and it is appropriate for the comparison of very sinuous lines, such as coastlines [25] . However, Fréchet distance is considerably more difficult to compute than Hausdorff distance [59] . The classical Hausdorff distance is insensitive to noise; thus, it is inapplicable to matching multi-scale road networks without improvement. In the entire stroke matching algorithm, the MHD [60] is utilized for its insensitivity to noise. For two polylines that are composed of point sets, namely, L A = {node 1 , node 2 , . . . , node n } and L B = {node 1 , node 2 , . . . , node m }, the calculation method of MHD between these point sets is given by:
where MHD( * ) is the function of MHD, node i − node j is the Euclidean distance between points and h (A, B) denotes the average value of the minimum Euclidean distance of each point pair in point set L A and L B , and vice versa for h (B, A) . During data collection, the fewest vertices of roads are collected to reduce the storage space. The calculated distance between roads will be enlarged for the rather sparse vertices of the roads. Thus, interpolating points of roads are needed in our matching algorithm. Fig. 3(a) presents the original roads, and Fig. 3(b) denotes the vertices of the roads after interpolating points. The vertices of roads are evenly distributed and the calculated distance between roads will be further accurate.
The geometric similarity between the strokes are calculated by the weighted combination of the three abovementioned measures. The value of geometric similarity is normalized and ranges from 0 to 1. The calculation process is as follows:
AT − A(S1, S2) AT if MHD(S1, S2) > HT then MHD(S1, S2) = HT if A(S1, S2) > AT then A(S1, S2) = AT (2) where S geo ( * ) denotes the geometric similarity between strokes and S1 and S2 are the strokes from small-and largescale datasets, respectively. The three weight parameters, namely, ω 1 , ω 2 , and ω 3 , are positive numbers, and ω 1 + ω 2 + ω 3 = 1. MHD( * ) is the function of MHD, HT denotes the threshold of MHD, LR( * ) represents the length ratio between strokes, A( * ) is the angle between the strokes, AT is the angle threshold.
2) STRUCTURAL SIMILARITY CALCULATION
The geometric similarity is inadequate in multi-scale road network matching without the topological constraints [61] . In our algorithm, the structural similarity is calculated using the spatial scene of a stroke. The local networks that have a direct topological relationship with a stroke constitute the spatial scene of the stroke. The spatial scene of a road forms the topological constraints for matching. As shown in Fig. 4 , strokes b, c, and d constitute the spatial scene of stroke a.
Zhang et al. [41] proposed the Valence (the number of incident edges, loops are counted twice) of a certain point to describe the topological relationships. Table 1 shows examples of the values of Valence.
A node with a Valence that equals 1 denotes the endpoint of a stroke. A node with a Valence of at least 3 is called middle point in our algorithm. The nodes discussed as follows denote the endpoints and middle points of strokes. The structural similarity of the two strokes is calculated using the weighted combination of the node similarities.
Supposing that S1 and S2 are two strokes from the smalland large-scale maps, respectively, they constitute a candidate matching pair. For each node i of S1, nodes of S2 within the searching radius of node i are obtained as the matching candidate nodes (noted as set Q). If node j is in set Q, then the node similarity between node i and node j is calculated with consideration of the node Valence and the strokes connected to them. Given that roads on a large-scale map whose length is shorter than the length constraint of the small-scale map may be deleted in the generalization, if the stroke connected to node j is shorter than the length constraint in the smallscale map, then it will be excluded from the node similarity between node i and node j . The node similarity is calculated as
where V m and V n are the min Valence value and max Valence value of node i and node j respectively, S(node i , node j ) is the node similarity between node i and node j and k represents the number of strokes connected to node i . For stroke α connected to node i , β is the stroke with the largest geometric similarity to α among all strokes connected to node j . S geo (α, β) is the geometric similarity between strokes α and β. As shown in Fig. 5 , S1 from the small-scale map and S2 from the large-scale map constitute a candidate matching stroke pair, and their structural similarity needs to be calculated. Node1 and Node2 form a candidate matching node pair. L5 is the stroke that is shorter than the length constraint of the small-scale map during generalization, and L5 will be excluded in the node similarity calculation. The node similarity between Node1 and Node2 can be calculated as:
The structural similarity of a pair of matching strokes is defined as the weighted combination of the node similarities. Considering that the endpoints of a stroke are more significant than the middle points in the matching process, then the weights of endpoints are larger than others, which can be computed as:
where n denotes the number of middle points in a stroke. The weights of the middle points are calculated using equation (6) .
The structural similarity between strokes is measured using equation (7) .
where S MP i ,MP j is the node similarity of middle points MP i and MP j , S p0i,p0j and S pni,pnj represent the node similarities of the starting and ending points of the two strokes, respectively, and S Str is the structural similarity. If S Str is greater than a given threshold, then a certain matching pair is obtained. Suppose that datasets A and B denote the small-and largescale datasets, respectively. In the previous matching process, only candidate matching strokes for each stroke in A are searched (this matching process is known as forward matching). The process can only solve the problem that one stroke in A matches to none, one stroke, or many strokes in B. However, many strokes in A can match one stroke or many strokes in B. Therefore, we also use the reverse matching method proposed by Shao [62] . The method is described as follows:
Suppose that S i is a stroke in A and C i is a set of matching strokes in B.
If the number of strokes in C i equals 0, then one stroke matches none; otherwise, for each stroke in C i , we need to reversely search matching strokes in A and add them to set D.
If the number of strokes in D is larger than 1, then many strokes in A match to one stroke or many strokes in B; otherwise, one stroke in A matches one stroke or none in B, or none matches a stroke in B.
C. PARTIAL STROKE MATCHING 1) SPLITTING SEGMENTS
Data updating of road networks with large scale and road network generalization may lead to dead-ends of roads or fragmental roads; thus, finding partial matching relationships among different road networks is necessary.
When the scales of the datasets to be matched vary greatly, two strokes may be unmatched through entire stroke matching due to the partial geometric diversity in some segments, which are the components of a stroke. As shown in Fig. 6 , S1 and S2 are strokes from different datasets. During entire stroke matching, they cannot be matched to each other. Nevertheless, parts of the two strokes are corresponding objects. The partial stroke matching can be used to maximise the matching relationships between datasets.
Determining M:N and M:1 matching relationships is considerably more difficult than identifying 1:1 relationships [12] . The insertion of endpoints is used at the beginning of partial stroke matching to split the M:N and M:1 relationships into several 1:1 matching relationships. In the matching process proposed by Zhang et al. [12] , virtual nodes are inserted through vertical projection. In the present study, the method of inserting visual endpoints is described as follows: As shown in Fig.6 , A is an endpoint of S1. We search for the endpoint of a segment in S2 (the corresponding endpoint of A), which is within the searching area of A. No corresponding endpoint of A exists; then, we find the vertex in S2 that is nearest to A. For A, the nearest vertex is A . Thus, A is selected as a new endpoint, and FG is split into two segments (FA' and A G). As shown in Fig. 6(a) , strokes S1 and S2 are composed of segments <L1, L2, L3, L4> and <L'1, L'2>, respectively. For the endpoints (the black points in Fig. 6(b) ) of segments in the two strokes, only endpoint B has the corresponding endpoint G. Other endpoints should insert visual endpoints in the corresponding stroke to be matched. The newly inserted visual endpoints are shown as red points in Fig. 6(b) . Thus, S1 and S2 are divided into five new segments, and only 1:1 matching relationships exist between them. Parts of S1 and S2 are matched. We define this situation as a 1/M:1/N matching relationship for strokes. The matching of a part of S1 and the entire S2 is defined as a 1/M:1 matching relationship for strokes.
2) PARTIAL STROKE MATCHING PROCESS
In the partial stroke matching process, unmatched strokes on large-and small-scale maps are initially searched. Supposing i-th stroke S i on a small-scale map, the candidate matching strokes are searched from the large-scale map by spatial index and approximate buffer and noted as set G. The j-th stroke S j in set G and S i constitute a candidate matching stroke pair. Then, new endpoints of segments are inserted to split the segments, as previously mentioned. Assume that S i and S j are composed of m and n new segments denoted as {L i1 , L i2 , L i3 , · · · , L im } and {L j1 , L j2 , L j3 , · · · , L jn }, respectively.
For each segment L ik in S i , supposing that L jk is a segment in S j , the geometric similarity of L ik and L jk is calculated using equation (2) . If the geometric similarity is higher than the threshold, then L ik and L jk are recorded as matched to each other. The continuous matching segments in the strokes are connected. Strokes S i and S j are partially matched strokes.
D. ROUNDABOUT DETECTION AND MATCHING
The roundabout in the large-scale dataset may represent as a roundabout or ordinary junction in the other dataset. The similarity between roundabouts can be calculated by the VOLUME 8, 2020 abovementioned geometric and structural similarity, and the matching roundabouts can be obtained. Roundabout detection and matching mainly solve the matching problem of a roundabout on the large-scale map generalized into a node on the small-scale map. As shown in Fig.7 , a roundabout appears as a loop crossing on the large-scale map (black lines in Fig. 7) , whereas it is generalized as a node on the smallscale map (red lines in Fig. 7) . To enhance the matching quality of our algorithm, detecting and matching the roundabout structures are necessary.
Roundabouts can be detected by comparing the coordinate values of nodes in a stroke [56] . A stroke is identified as a roundabout if its starting and ending nodes claim the same geometric position. Suppose that the number of strokes connected to a roundabout is n. The strokes connected to the ring are S = {S 1 , S 2 , · · · , S n }. F or each S i ∈ S, the corresponding stroke A i in the other dataset can be found through the abovementioned matching methods, then S i and A i constitute a matching pair and A i is placed into set A.
If all A i ∈ A parameters intersect at the same node N , then the ring and node N are matched, meaning that the roundabout on the large-scale map is generalized into a node.
IV. EXPERIMENTS
In our experiments, Visual Studio 2013 (C#) was selected for the algorithm implementation. One experiment is used to test the matching method of roads with a small scale difference, and the other one is selected for testing the matching with a large scale difference. These spatial data are based on the same map projection. The small-scale road networks are generalized from large-scale road networks in the same cartographic region by experts in cartographic generalization. And the data can satisfy the requirements of the experiments. The global geometrical deviation is adjusted in Arc GIS 10.1.
A. STUDY AREA AND DATA Table 2 shows the total length, numbers of segments and strokes connected by them in the experimental data.
One experimental data are the road network of a partial distinct in Nanchang City, China. The large scale is 1:5,000 and the small scale is 1:10,000. Fig. 8(a) presents the large-scale map, and Fig. 8(b) shows the small-scale map.
The other experimental data are two datasets with a large scale difference (1:5,000 and 1:100,000) in a partial area of Hefei City, China. The road shape and measurement accuracy of the small-and large-scale datasets are markedly different. Fig. 9(a) displays the large-scale map, and Fig. 9(b) exhibits the small-scale map.
B. MATCHING RESULTS AND EVALUATION
The weight of each measure is set on the basis of the characteristics of the measures and data of two experimental datasets. In the matching process, length is a key geometric measure for representing the similarity between strokes. So the weight of the length is set to 0.5. The Hausdorff distance can measure the spatial distance, but indirectly represents the shape similarity of the strokes. According to the weights set by Liu et al. [10] , Hausdorff is much more important than angle. The weight of the Hausdorff distance is 0.35. The weight of the angle is 0.15. These weights are set and modified according to their importance and different experimental results.
In experiment 1, the scale difference between the datasets is relatively small; the interpolate distance of roads, MHD threshold and approximate buffer radius are all 150 m. The angle threshold is π/9. The geometric and structural similarity threshold is 0.7. Fig. 10 presents the matching results of experiment 1. Fig. 10 (a) illustrates that our approach can solve the conventional road network matching problems. The vertical road in Fig. 10(b) on the small-scale map is matched with four lanes on the large-scale map. The parallel matching relationships in Fig. 10(b) can be successfully obtained by using the partial stroke matching algorithm.
As shown in Fig. 10(c) , in entire stroke matching, most of the roads can find their corresponding objects, but the strokes, namely, stroke1< a > on the small-scale map and stroke2< a > on the large-scale map, are unmatched because of the large difference between their lengths. In partial stroke matching, the node (N ) is initially selected as the endpoint and segment a is split into two segments. Then, a matching relationship is determined between the entire stroke1 and a part of stroke2. The results indicate that the proposed algorithm has a strong capability to adapt to the inconsistent connections of strokes and changes of multi-scale data.
In experiment 2, the interpolate distance of roads is 150 m. Considering the large geometric difference between the corresponding roads of the two datasets, the MHD threshold is 200 m and the approximate buffer radius is 300 m. The angle threshold is π/9. The geometric and structural similarity threshold is 0.7. Fig. 11 shows the matching results of experiment 2. The matching results in Fig. 11(a) indicate that the proposed algorithm can successfully match road networks at multiple scales. Figs. 11(b) and (c) present the complex road connections. The roundabout on the large-scale map may be generalized into a crossroad on the small-scale map, as shown in Fig. 11(b) . During the entire and partial stroke matching, <a, a'>, < b, b >, < c, c >, and < d, d > were identified as matching roads. During roundabout detection and matching, the roundabout R i on large-scale map VOLUME 8, 2020 is initially detected, and then the strokes connected to R i (viz. a , b , c , and d ) are obtained; their corresponding strokes (viz. a, b, c, and d) on the other map intersect at node N . Thus, the matching relationship between the ring R i and node N can be obtained. Fig. 11 (c) displays the result of partial stroke matching. Roads a and b on the small-scale map can form a stroke, whereas a and b on the large-scale map are separate roads that cannot form a stroke. Therefore, they can only be matched in the partial stroke matching process.
We manually evaluate the matching results of the experiments by individually checking the matching pairs. The results are assessed using the evaluation equation of Ref. [3] , which is as follows:
where P is the matching accuracy, R is the matching recall rate, f (C) denotes the number of correct matches, f (W ) denotes the number of incorrect matches and f (U ) denotes the number of missed matches. Table 3 shows the matching result of each matching relationship of our algorithm. The entire stroke matching can identify the 1:1, M:1, and M:N matching relationships. The partial stroke matching mainly obtains 1/M:1/N and 1/M:1 matching relationships. Roundabout matching solves the problems of roundabout generalized into one intersection node. The matching results of the combined matching approach are the sum of the matching relationships obtained by the entire stroke matching, partial stroke matching and roundabout detection and matching. As shown in Table 3 , each matching relationship indicates that the combined matching method exhibits perfect matching accuracy except for the precision value of the 1/M:1 matching relationship of experiment 2. On the basis of the visual inspection during our evaluation, almost all wrongly matched pairs are the roads with a short length and small distance. Fig. 12(a) presents part of the matching results of experiment 2. The bold lines (a, a ) in Fig. 12(b) denote an example of the wrongly matched 1/M:1 matching relationship. a is a stroke formed by an original road segment on the large-scale map, and a is part of a stroke on the small-scale map. Given that the lengths of a and a are short and the distance between them is small, the geometric difference between them is relatively small; thus, they are wrongly matched to each other. Table 4 shows the overall matching results before and after the addition of partial stroke and roundabout matching. The matching accuracy of our algorithm can be enhanced greatly with the aid of partial stroke and roundabout matching. Given the generalization between the datasets, corresponding objects may have markedly different geometric representations and topological relationships, and the recall rate of the entire stroke matching step is relatively low, which can be compensated by partial stroke matching. The recall values increase by 15.9% and 62.1% in the two experiments. With the combination of the three steps, the precision and recall of our algorithm are greater than 95%. The parallel roads and roundabouts can be matched correctly, as previously described. Moreover, the approximate buffer can greatly enhance the efficiency of searching candidate matching roads. Generally, our algorithm can cope with complex situations and obtain a robust and accurate matching result in multi-scale road network matching, even when the scale difference between the datasets is large.
V. CONCLUSION
We select three geometric measures to calculate the geometric similarity between strokes in the entire stroke matching process. Meanwhile, we improve the evaluation method of the spatial scene structure to avoid the mismatch caused by merely using the geometric measures. We consider both the geometric and structural similarity to improve the accuracy of our algorithm. To cope further with the complex situations of data changing and generalization, we investigate the method of partial stroke matching. We also add the roundabout detection and matching process to enhance the adaptability to topological changes in multi-scale datasets. Our algorithm takes full consideration of cartographic generalization constraints such as the continuity of roads, the deviation threshold during the road generalization process, the topological and the pattern constraints.
The experimental results show that the combined approach has a high matching accuracy, recall rate and running efficiency. Moreover, it can adapt to topological changes in different scales of road networks. It can successfully identify the M:N, M:1, 1:1, 1/M:1/N, and 1/M:1 matching relationships. But the method proposed in this paper maybe results in wrong matches when the length and distance of matched roads are very small. The method given by Fan et al. [46] also resulted in the similar wrong results for short road segments at road junctions. The scale difference between the datasets of experiment 2 is large, and many roads disappear in one dataset or are shorter than the length constraint of the small-scale dataset. These roads have no corresponding roads, but will be wrongly matched to the adjacent roads. A few wrong matches are inevitable in the threshold-based method, as noted by Yang et al. [63] .
We empirically set the parameters, including thresholds, and weights which are the most suitable for our algorithm. In future research, we will explore a methodology for automatically setting the thresholds and weights on the basis of specific data to ensure the matching effect and quality further.
